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Abstract Grain size is one of the most fundamental properties of sediments. It is frequently used in
paleoclimate, paleoceanographic, and paleoenvironmental research as a proxy for river discharge, current
and wind strength, and to identify mass ﬂow deposits. Measuring grain size is, however, time‐consuming
and destructive. Given the strong inﬂuence of grain size on sediment inorganic geochemistry, single‐element
variations measured by, for example, X‐ray ﬂuorescence core scanning are increasingly used to estimate
grain‐size variations at high resolution in sediment cores. This approach is however limited to a narrow
grain‐size range since individual elements only monotonically relate to grain size over a narrow size range.
Here, we present a simple, code‐free, multielement method based on partial least squares regression to
predict sediment mean grain size from inorganic geochemical data over the range of sizes commonly
encountered in sedimentary basins (clay to sand). The method was ﬁrst tested using river sediment samples
separated in 11 grain‐size fractions, and it was later successfully applied to two sediment cores from the
Chilean fjords. Our method only requires measuring grain size on a limited number (around 10) of selected
training samples, and it allows to predict mean grain size at X‐ray ﬂuorescence core scanner resolution.
This method has the potential to be applied to any lake or marine sediment core, provided sediment
provenance, weathering, and diagenesis remain relatively stable through time, and we anticipate that it will
result in a signiﬁcant increase in the resolution of sediment proxy records of climate and
environmental change.
Plain Language Summary Sediment grain size is one of the best indicators of past transport
conditions. Here we present a method to predict mean sediment grain size from inorganic geochemical
measurements. This method can be applied to geochemical measurements obtained by X‐ray Fluorescence
core scanning to generate grain‐size proﬁles quickly and at high resolution, and we anticipate that it will
result in much improved paleoclimate and paleoenvironmental reconstructions.
1. Introduction
Grain size is one of the most important physical properties of sediments. It is widely used as an indicator of
hydrodynamic conditions in sedimentology, and it is increasingly used as a proxy for hydrodynamics (and
aerodynamics) in paleoclimatic, paleoenvironmental, and paleoceanographic research (e.g., Bertrand
et al., 2017; Boyd et al., 2008; Jonkers et al., 2015; Ledbetter & Johnson, 1976; Paterson & Heslop, 2015;
Piret et al., 2018; Poppe et al., 2000; Prins et al., 2007; Tisserand et al., 2009; Weltje & Prins, 2003). Grain size
has, for example, been used to reconstruct past changes in wind patterns and precipitation from mixed
sediments of aeolian and ﬂuvial origin in ocean basins (e.g., Dong et al., 2017; Weltje & Prins, 2003), as well
as changes in the velocity of ocean bottom currents (e.g., McCave et al., 2017), in the intensity of river
discharge (e.g., Orton & Reading, 1993), and in the strength of aeolian transport processes (e.g., Prins
et al., 2007; Stuut et al., 2014). Since measuring sediment grain size is time‐consuming and destructive,
single‐element geochemistry or elemental ratios are often used as a substitute for grain size in paleoclimate
and paleoenvironmental reconstructions (e.g., Calvert & Pedersen, 2007; Cuven et al., 2010; Hahn et al.,
2014; Rothwell & Croudace, 2015; Schlolaut et al., 2018; Wang et al., 2019). This approach became
particularly popular over the last decade due to the advent of X‐ray ﬂuorescence (XRF) core scanning
technology, which has revolutionized the acquisition of high‐resolution geochemical data on sediment cores
(Croudace et al., 2006; Croudace & Rothwell, 2015; Jansen et al., 1998; Kido et al., 2006; Richter et al., 2006).
The reason behind the close relation between grain size and sediment geochemistry is that geochemistry is
largely controlled by the association of speciﬁc elements with minerals of various size, shape, and density
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(Weltje, 2012), which are sorted during sediment transport (Garzanti et al., 2010, 2011). The monotonic rela-
tion between elemental geochemistry and sediment grain size is however limited to a narrow size range (e.g.,
von Eynatten et al., 2012), which means that no single element or elemental ratio is reliable enough to be
used as a grain‐size proxy over the range of grain sizes commonly encountered in sediment cores. In other
words, even if a single element or elemental ratio reﬂects grain size in a speciﬁc core interval, it will likely
not be applicable over the entire length of the core.
With this in mind, this article aims to present a method to accurately predict sediment grain size from
inorganic geochemical measurements. To do so, we ﬁrst evaluate the relations between concentrations of
individual inorganic elements and grain size by analyzing the geochemical composition of eleven grain‐size
fractions of Patagonian river sediment samples. We then use the results to (1) assess the feasibility of
predicting grain size from inorganic geochemical concentrations and (2) select the most appropriate
multielement combination for prediction. Finally, a numerical model to predict sediment mean grain size
from inorganic geochemical measurements via partial least squares (PLS) regression is presented, tested
on the river sediment samples, and applied to sediment cores. Our method focuses on reconstructing the
mean grain size of the lithogenic fraction of the sediment only (i.e., what most sedimentologists measure;
e.g., McCave, 1995; Bianchi et al., 1999) since the grain size of biogenic particles is largely independent of
hydrodynamic processes.
2. Material and Methods
This study was performed on river sediments and on two sediment cores from northern Chilean Patagonia
(~44–48°S). This region is particularly well suited to study the relations between sediment geochemistry and
grain size since, due to the cold climate conditions, chemical weathering is weak and sediment geochemistry
is mainly inﬂuenced by hydrodynamic sorting (Bertrand, Hughen, Sepúlveda, et al., 2012).
Bedrock lithology in the region is dominated by three main units that are clearly distributed in a north‐south
direction (Figure 1): the North Patagonian Batholith located to the west, Mesozoic and Cenozoic volcanic
rocks to the east, and the Eastern Andean Metamorphic complex in the southern part of the study area
(Hervé et al., 1999; Pankhurst et al., 1999; Sernageomin, 2003; Stern et al., 2007). Carbonates are essentially
absent from the region, except for minor occurrences of marble near Lake General Carrera. In addition, most
of the study area is covered in volcanic ash soils that developed during the Holocene (Vandekerkhove et al.,
2016), the thickness of which rapidly decreases toward the south (Figure 1).
2.1. River Sediments
River sediments were collected at the mouths of six main rivers draining the region. Sediment samples were
obtained in Aysen (RS09‐12), Pelu (RS09‐31), Exploradores (RS09‐29), and Gualas (RS09‐25) rivers in
January–February 2009, whereas Cisnes (RS11‐01) and Baker (RS11‐05) rivers were sampled in October–
November 2011 (Figure 1). All samples were collected with a shovel in river point bars or in recently aban-
donedmeanders, and they represent a mixture of bedload and suspended load. They were freeze dried before
laboratory analysis. To investigate the relations between sediment inorganic geochemistry and grain size, the
bulk river sediment samples were separated into 11 different grain‐size fractions following the phi scale (Van
Dijck, 2014;Wentworth size classes; Wenthworth, 1922) by Atterberg sedimentation (0–4, 4–8, 8–16, and 16–
32 μm) and dry sieving (32–45, 45–63, 63–90, 90–125, 125–180, 180–250, and 250–500 μm). Half phi steps
were used between 32 and 125 μm (i.e., 5.0, 4.5, 4.0, 3.5, and 3.0 phi) to account for the rapid changes in sedi-
ment geochemistry with grain size that typically occur in coarse silts and ﬁne sands (e.g., von Eynatten et al.,
2012). The >500‐μm fractionwas not investigated since our study targets applications on sediment cores used
for paleoclimate and paleoenvironmental reconstructions, which tend to be ﬁne grained.
The river sediment samples were analyzed for inorganic geochemistry by Inductively Coupled Plasma
Atomic Emission Spectroscopy (ICP‐AES). Sediment samples from Aysen, Pelu, Exploradores, and
Gualas rivers were measured at the Woods Hole Oceanography Institution (WHOI), USA, and samples
from Cisnes and Baker rivers were measured at Ghent University, Belgium. In both cases, 50 ± 0.5 mg
of sediment was used for dissolution following the fusion technique described in Murray et al. (2000).
The advantages of fusion over HF digestion is that it is the only technique that allows for precise measure-
ment of elements associated with refractory minerals (Bertrand, Hughen, Sepúlveda, etal., 2012; Huang
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Figure 1. Geological map of the study region in western Patagonia (based on Sernageomin, 2003) showing the location of
the six river sediment samples and two sediment cores used in this study. The watersheds of the six river sediment samples
are also indicated (in red). The isopachs of volcanic ash soil thickness (white lines with orange labels) are from
Vandekerkhove et al. (2016).
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et al., 2007; Sholkovitz, 1990). Samples measured at WHOI were fused with 200 mg Li metaborate, while
for samples analyzed at Ghent University 200 mg of Li‐metaborate/Li‐tetraborate (80:20 wt%) was used.
The fused glass beads were then dissolved in 25 ml of 5% HNO3 after swirling by a magnetic stirrer for
approximately 60 min. Five milliliters of the solution was then diluted with 35 ml of 5% HNO3 after ﬁltra-
tion through a 0.45‐μm PVDF Millipore ﬁlter. The dilution factor (approximately 4,000×) was precisely cal-
culated based on the weight of sediment used for fusion. The 10 major elements (Si, Na, Al, K, Ca, P, Fe,
Mg, Mn, and Ti) and Zr were measured on a JobinYvon Ultima C at WHOI and on a Varian 720‐ES at
Ghent University.
2.2. Sediment Cores
This study makes use of data previously obtained on two sediment cores collected in Quitralco fjord (PC29A;
Bertrand et al., 2014; Bertrand et al., 2015) and Golfo Elefantes (JPC14; Bertrand, Hughen, Lamy, et al., 2012;
Bertrand et al., 2015). The two cores have different grain‐size ranges (8–16 μm for PC29A and 4–104 μm for
JPC14), representing distinct hydrodynamic conditions and sediment transport processes, and both contain
sediment that has undergone very limited chemical weathering (Bertrand et al., 2014; Bertrand, Hughen,
Lamy, et al., 2012). The inorganic geochemistry of sediment cores PC29A and JPC14 was measured by
ITRAX XRF core scanning at a resolution of 1 and 2 mm, respectively. A 4‐μm thin Chemplex 416
Prolene foil was added at the surface of the two cores to avoid (1) contamination from the XRF detector,
(2) cross‐contamination, and (3) drying during analysis (Bertrand et al., 2015). Each measurement took 20
s, and a Mo X‐Ray tube set to 30 KV and 45mAwas used to analyze a large range of elements. The XRF spec-
tra were interpreted and quantiﬁed using software Q‐Spec 6.5 (Bertrand et al., 2015). Intensities of some ele-
ments are reported in Bertrand, Hughen, Lamy, et al. (2012); Bertrand et al. (2014); and Bertrand et al.
(2015). A total of 102 subsamples were taken from PC29A for ICP‐AES analysis, out of which 51 were also
measured for grain size. For JPC14, grain size was measured on 216 subsamples, and 44 of them were ana-
lyzed for elemental concentrations. The ICP‐AES results obtained on the two sediments cores are reported in
Bertrand, Hughen, Lamy, et al. (2012) and Bertrand et al. (2014).
2.3. Grain‐Size Analysis
The grain size of the sediment core subsamples was measured with a Beckman Coulter LS200 laser particle
size analyzer at the Center for Marine Environmental Sciences, Germany. To isolate the lithogenic fraction,
samples were treated with boiling H2O2, HCl, and NaOH to remove organic matter, carbonates, and biogenic
silica, respectively. The treated samples were then boiled with 300 mg of sodium pyrophosphate to disaggre-
gate particles before analysis (Bertrand et al., 2015). Sample amount was adjusted in order to obtain a laser
beam obscuration between 5% and 15%, depending on the grain size of each sample. No sample contained
particles >1,500 μm. The grain‐size distribution of the samples was measured during 90 s, and the geometric
mean was calculated from the 92 size classes using Gradistat v8 (Blott & Pye, 2001).
2.4. Modeling the Relation Between Sediment Geochemistry and Grain Size
The grain‐size prediction method uses PLS regression for model construction (Wold et al., 2001). Since geo-
chemical concentrations and grain‐size distributions are compositional data, they were log‐transformed
before statistical analysis to overcome the closed‐sum problem (Aitchison, 1986). For sediment cores, an
intermediate principal component analysis (PCA) step was used for training set selection.
2.4.1. Log‐Ratio Transformation
To log‐transform elemental concentrations and XRF intensities, we calculated centered log ratios (clr;
Aitchison, 1986) as
clr xð Þ ¼ ln x1
g xð Þ ;
x2
g xð Þ ;
x3
g xð Þ ;…;
xn
g xð Þ
 
; (1)
where xn stands for the concentration of individual elements and g(x) represents the geometric mean of geo-
chemical composition used in the model, expressed as
g xð Þ ¼ ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃx1·x2·x3·…·xnnp : (2)
Calculating centered log ratios allows avoiding the restrictions inherent to compositional data; that is, the
data are nonnegative, asymmetric, constrained, and only carry relative information (Aitchison, 1986,
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1990; Buccianti & Grunsky, 2014; Weltje, 2002; Weltje & Tjallingii,
2008). After log‐transformation, the data can be analyzed by
statistical methods such as PCA (Aitchison, 1986; Schuenemeyer &
Drew, 2011) and PLS (Bloemsma et al., 2012; Weltje et al., 2015).
2.4.2. PLS Regression
PLS regression was implemented in XLSTAT to construct the pre-
dictive model, using the grain‐size and geochemical data as depen-
dent variables and explanatory variables, respectively. PLS
regression is a multilinear technique that establishes a basis explain-
ing the maximum covariance between two sets of variables. It is par-
ticularly suitable for high‐dimensional data sets that have
multicollinearity among variables (Bloemsma et al., 2012; Flood
et al., 2016; Geladi & Kowalski, 1986; Wold et al., 2001). Each model is represented by a predictive function
in form of
Grain size φð Þ ¼ E þ β1·X1 þ β2·X2 þ …þ βn·Xn; (3)
where E equals the intercept, βn is the weight (regression coefﬁcient) of each element, and Xn represents the
clr‐transformed geochemical data. E and βn are automatically calculated by the software.
2.4.3. Predictions for River Sediments
We tested the method on six river sediment samples separated in 11 grain‐size fractions. All the measured
geochemical elements (11) were used for prediction to evaluate the feasibility of the method. To ensure its
application to a wider variety of sedimentary environments (lacustrine, marine, etc.; see section 3), the
method was also tested using a restricted combination of elements (Fe, K, Mn, Ti, and Zr). This restricted
data set discards elements that may be affected by variables other than grain size in speciﬁc sedimentary
environments, that is, bioproductivity (Si, Ca, Mg, and P) and salt precipitation (Na). Al was not included
either due to its generally low precision by XRF core scanning (Croudace & Rothwell, 2015).
2.4.4. Predictions for Sediment Cores
The grain size of two sediment cores (JPC14 and PC29A) was predicted using the ﬁve elements that were
used for the river sediments (Fe, K, Mn, Ti, and Zr), using clr‐transformed ICP‐AES and XRF data. For
method development, PCA analysis was performed on (1) all subsamples measured by ICP‐AES, (2) all sub-
samples measured by XRF, (3) subsamples for which both ICP‐AES concentrations and grain‐size data were
available, and (4) subsamples measured for both XRF intensities and grain size (Table 1). By doing so, we can
choose the minimum number of subsamples needed for grain‐size analysis to train the predictive model.
A total of 11 subsamples, including 10 that enclose most observations and 1 at the center of the PCA cloud,
were chosen as training set for each model, following the Kennard‐Stone strategy (Kennard & Stone, 1969).
The number of training samples was determined based on the theory that an n‐dimension geometric space
can be uniformly deﬁned by at least 2n observations distributed on the data set boundary (Kennard & Stone,
1969). The additional sample is chosen to deﬁne the geometric center of the data set.
The least squares regression holds an assumption of error normality. The standard deviation (2σ) of the resi-
duals of the training samples was therefore used as prediction error (Schuenemeyer & Drew, 2011).
Subsamples measured for grain size but not used for model construction were used to validate the
prediction accuracy.
3. Results and Discussion
3.1. Relations Between Elemental Concentrations and Grain Size
The ﬁrst goal of our study was to investigate the relations between individual elements and grain size.
Element concentrations were normalized to the sum of all analyzed inorganic elements to avoid dilution
by nonlithogenic components (e.g., organic matter) and by other geochemical elements that were not mea-
sured (closed‐sum effect; Aitchison, 1986). From the results presented in Figure 2, it is clear that all mea-
sured elements vary with grain size, but to a different extent. None of them shows a consistent relation to
grain size over the entire analyzed grain‐size range (0–500 μm), likely due to speciﬁc element‐mineral rela-
tionships and to crystal sizes inherited from the source rocks (e.g., Bertrand, Hughen, Sepúlveda, & Pantoja,
Table 1
Number of Subsamples Used for PCA Analysis for Model Development
JPC14 PC29A
Subsamples measured by ICP‐AES 44 102
Subsamples measured by XRF core scanning 6304 2058
Subsamples measured for ICP‐AES concentrations
and grain size
44 51
Subsamples measured for XRF intensities and grain size 216 51
Note. The results are presented in Figures 4 and 5. PCA = principal component
analysis; ICP‐AES = Inductively Coupled Plasma Atomic Emission
Spectroscopy; XRF = X‐ray ﬂuorescence.
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2012; von Eynatten et al., 2012). The only two possible exceptions are Si and Na, which are both positively
correlated to grain size, reﬂecting increasing amounts of quartz and plagioclase in coarser sediments,
respectively (Figure S1 in the supporting information).
By comparison, Al concentrations steadily increase as particle size decreases in the silt and clay fractions,
reﬂecting an increase in clay minerals (Figure S1). K displays a similar increase with decreasing grain size
Figure 2. Element variations in the 11 grain‐size fractions of the river sediment samples from the six Patagonian watersheds. Ratios of element/∑elements are used
to avoid dilution by nonlithogenic components (e.g., organic matter) and by other geochemical elements that were not measured (closed‐sum effect; Aitchison,
1986).∑Elements include Al, Ca, Fe, K, Mg, Mn, Na, P, Si, Ti, and Zr.
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in the medium silt to clay fractions, but this trend is part of a concave pattern, with concentrations in coarse
sands resembling those of the clay fraction (Figure 2). This pattern likely reﬂects K‐feldspar enrichment in
the sand fraction (Figure S1), and biotite and/or muscovite abundance in the ﬁnest fraction of the sediment.
Ca and P essentially show the opposite trend, that is, a convex pattern, with the highest concentrations
occurring in medium and coarse silts. Part of this pattern may be explained by the association of Ca and P
with apatite, although Ca is most abundant in plagioclase, which explains its decrease in the ﬁnest fractions
(Figure S1). For P, two exceptions to the convex pattern are the Aysen and Cisnes river samples, for which P
concentrations continuously increase with decreasing grain size, likely due to the marked increase in
organic matter with decreasing grain size for these two northernmost river samples (TOC up to 6.6%; P/C
ratio generally ~0.01; Tipping et al., 2016). In all river sediment samples, Fe, Mg, and Mn are negatively cor-
related with grain size in clay and medium silts, which likely reﬂects increases in biotite and in maﬁc miner-
als such as amphibole and, to a lesser extent, pyroxene in the ﬁne fraction of the sediment (Bertrand,
Hughen, Sepúlveda, & Pantoja, 2012; Figure S1). In addition, these three elements, but more particularly
Fe, are enriched in ﬁne sands and/or coarse silts, similarly to Ti and Zr. This conﬁrms the association of
Ti and Zr with refractory minerals such as rutile and titanite (Bertrand, Hughen, Sepúlveda, & Pantoja,
2012; Nesbitt et al., 1996).
These different element versus grain‐size patterns show that elemental concentrations are highly controlled
by sediment grain size, mostly due to mineralogical sorting. Hence, no geochemical element can fully and
accurately represent grain size from clay to sand. Using sediment geochemistry as an accurate substitute
for grain size therefore requires combining several elements.
3.2. Grain‐Size Prediction
3.2.1. Grain‐Size Prediction for River Sediments
The geochemical data obtained on the river sediment samples (Figure 2) were used to test the grain‐size pre-
dictionmethod. The grain size of river sediments was predicted using (a) all 11 elements (Figure 3a) and (b) a
selection of 5 elements (Fe, K, Mn, Ti, and Zr; Figure 3b) that discards elements that may be affected by vari-
ables other than grain size (Si, Ca, Mg, P, and Na) or that are not accurately measured by XRF core
scanning (Al).
The mean grain size predicted from the two series (11 and 5 elements) of geochemical data successfully
reproduces the actual grain size (Figure 3). In the ﬁrst case (11 elements; Figure 3a), the only samples that
show relatively large deviations from the actual grain size correspond to the sand fraction of Cisnes river.
This could be explained by the use of P in the prediction, whose concentration is possibly inﬂuenced by
the high TOC content (up to 6.6%) of this sample (Figure 2). With the restricted data set (ﬁve elements;
Figure 3b), grain‐size predictions are slightly less robust (r= 0.92 instead of r= 0.97), but themain advantage
is that this combination of elements is applicable to most sedimentary environments, independently of pro-
ductivity and salinity changes, and to geochemical measurements acquired using XRF core scanners. From
here onward, all grain‐size predictions will be based on these ﬁve elements.
3.2.2. Grain‐Size Prediction for Sediment Cores
The validation of applying PLS regression to implement grain‐size prediction in the previous section enables
its application to sediment cores. In this section, the method will be performed on ICP‐AES and high‐
resolution XRF data from two fjord sediment cores: one with rather large mean grain‐size variations
(JPC14; 4–104 μm; Bertrand, Hughen, Lamy, et al., 2012) and another one with more limited grain‐size
variability (PC29A; 8–16 μm; Bertrand et al., 2014).
In the PCA biplot of all ICP‐AES and XRF data points of JPC14 (Figures 4a and 4b), samples distribute
randomly, and no subpopulation can be identiﬁed, suggesting that the mean grain size of this core can be
predicted by one single model. The training set for model construction was determined from the PCA biplots
(Figures 4a and 4c), focusing on samples that had also beenmeasured for grain size. The mean grain size was
subsequently predicted using both ICP‐AES and XRF data sets. In both cases, the predicted grain size is in
good agreement with the measured mean grain‐size values (r = 0.94 and 0.88, respectively; Figure 4d) with
clear transitions between sand and silt values at 740–800 and 1,086–1,109 cm. As the 2σ conﬁdence intervals
enclose all but one of the measured grain‐size values (Figure 4d), both predictions are considered to
be robust.
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For sediment core PC29A, the ICP and XRF data points cluster into two subpopulations (Figures 5a and 5d),
suggesting that two separate models may better predict sediment grain size in core PC29A than a single one.
The geochemical data sets were therefore divided in two subpopulations at the PC1 score of−1.2 (Figures 5a
and 5d). According to the downcore PC1 plot, the boundary between the two clusters corresponds to 65.5 cm
(Figure 5g), above which samples were attributed to Cluster 1, the rest belonging to Cluster 2 (Figure 5g).
Similarly to sediment core JPC14 above, the training sets for ICP‐AES and XRF data were chosen from
PCA biplots of corresponding data set (Figures 5b, 5c, 5e, and 5f). Both ICP‐ and XRF‐based predictions plot
close to the actual grain size throughout the core (r = 0.90 and 0.84, respectively; Figure 5h), reproducing
large scale and smaller scale variations such as the relatively abrupt grain‐size change at the top of the core,
equally well. Only four grain‐size values predicted from ICP‐AES data and two from XRF intensities outlie
the 2σ conﬁdence interval, implying error rates of 7.8% and 5.9%, respectively. The notable deviation identi-
ﬁed at 62 cm is likely attributed to a sudden increase in sorting (Bertrand et al., 2014). The few offsets from
approximately 170 cm downward are acceptable since the actual grain‐size variation of this section is small
(12–16 μm). By comparison, using a single prediction model would have resulted in a less accurate predic-
tion (Figure S2; r = 0.84 and 0.77; error rates = 9.8% and 5.9% for predictions using ICP‐AES and XRF
data, respectively).
3.3. Workﬂow for Grain‐Size Prediction
Given the ability of our method to accurately predict sediment grain size for the two sediment cores, we
hereby summarize the proposed procedure to predict mean grain size from XRF, or any other type of sedi-
ment geochemical data. Although we mainly utilized the Excel‐based statistical software XLSTAT, this
method can also be applied using any other code‐free software such as PAST, or coding language such
as MATLAB. The detailed XLSTAT‐based workﬂow, including data preparation (Steps 1–3), model con-
struction (Steps 4–8), grain‐size prediction (Step 9), and result validation (Step 10), is summarized in
Figure 6.
1. Choose the elements that will be used for prediction. In theory, precision increases with the number of
elements. However, elements that are (partially) contained in the nonlithogenic fraction of the sediment
(e.g., organic matter and carbonates) should be avoided because they are clearly independent of litho-
genic sediment grain size, that is, what is generally needed in paleo‐studies. Ca and Si, for example,
are partly related to the amount of calcareous and siliceous organisms present in the sediment, such
as foraminifera, coccolithophores, and diatoms, which produce calcite and opal. Likewise, sediment P
concentrations may be signiﬁcantly impacted by organic matter content, whereas in marine environ-
ments, Na abundance is closely related to salinity. In addition, the chosen elements should have sufﬁ-
cient sensitivity over the grain‐size range of the investigated samples. With this in mind, Fe, K, Mn, Ti,
Figure 3. Mean grain size predicted for river sediments. Eleven elements (Si, Na, Al, K, Ca, P, Fe, Mg,Mn, Ti, and Zr) were
selected as explanatory variables in (a), and ﬁve elements (Fe, K, Mn, Ti, and Zr) were used in (b).
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and Zr were used in this study. Ca, P, and Si are also recommended when productivity is negligible. Na
can be added when working in freshwater environments, and Al can be used if precisely measured.
2. Remove samples with null concentrations or counts since any zero value will result in a division by zero
in centered log‐ratio transformation.
3. Transform the selected geochemical data into centered log‐ratio using equations (1) and (2). This pro-
cess can be implemented in compositional data analysis software such as CoDaPack.
4–5. Analyze clr‐transformed data by PCA to determine the number of predictive models needed for the
core, that is, by identifying the number of clusters formed by the samples. One predictive model is
enough if the PCA biplot shows one single cluster (e.g., Figures 4a and 4b). If the data form multiple
clusters (as in Figures 5a and 5d), one predictive model is needed for each cluster. A downcore plot of
PC1 scores is helpful in identifying the depth boundary between different clusters (cf. Figure 5g).
6–7. Select the training samples based on the distribution of the geochemical data in PCA biplot (e.g.,
Figures 4b, 4c, 5b, 5c, 5e, and 5f). We suggest at least 2n samples that enclose most of the observations,
and one additional sample positioned in the center of the biplot to be picked as training set (in total 2n
+ 1 samples), where n equals to the number of principal (>5% of total variance) components identi-
ﬁed in the PCA analysis. Increasing the number of training samples will improve the prediction accu-
racy. A few additional samples (normally 3 to 4) are recommended to validate the prediction. The
selected training and validation samples then need to be analyzed for grain size (of the detrital frac-
tion only).
Figure 4. Principal component analysis (PCA) and grain‐size predictions for sediment core JPC14 using selected elements (Fe, K, Mn, Ti, and Zr). (a) PCA biplot of
Inductively Coupled Plasma Atomic Emission Spectroscopy (ICP‐AES) concentrations of subsamples measured for grain size; (b) PCA biplot of X‐ray ﬂuorescence
(XRF) intensities of all samples; (c) PCA biplot of XRF intensities of samples measured for grain size. In (a) and (c), samples in red represent the training sets;
(d) measured mean grain size (blue) and predictions from concentrations measured by ICP‐AES (red) and from XRF intensities (cyan). The training samples are
represented as stars. The orange and gray curves represent ICP‐AES and XRF prediction errors calculated from the 2σ of residuals, respectively.
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Figure 5. Principal component analysis (PCA) and grain‐size predictions for sediment core PC29A using selected elements (Fe, K, Mn, Ti, and Zr). (a) PCA biplot of
all Inductively Coupled Plasma Atomic Emission Spectroscopy (ICP‐AES) concentrations, in which two clusters are identiﬁed; (b) PCA biplot of ICP‐AES con-
centrations of samples measured for grain size for Cluster 1; (c) PCA biplot of ICP‐AES measured concentrations of samples measured for grain size for Cluster 2;
(d) PCA biplot of all X‐ray ﬂuorescence (XRF) intensities, in which two clusters are identiﬁed; (e) PCA biplot of XRF intensities of samples measured for grain size
for Cluster 1; (f) PCA biplot of XRF intensities of samples measured for grain size for Cluster 2. In (b), (c), (e), and (f), samples in red represent the training
sets; (g) downcore variation of PC1 scores. The PC1 score of −1.2 was selected as the boundary between two clusters, corresponding to the depth of 65.5 cm; (h)
measured mean grain size (blue) and predictions from ICP‐AES concentrations (red) and from XRF counts (cyan). The training samples are represented as stars.
The orange and gray curves represent ICP‐AES and XRF prediction errors calculated from the 2σ of residuals, respectively.
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8. Construct the predictive model using grain size (in phi) as Y/dependent variable and the clr‐
transformed geochemical data as X/explanatory variables. In case of high‐resolution geochemical data
(e.g., XRF core scanning data sets), average the geochemical measurements over the thickness of the
samples used for grain‐size analysis. Once the variables are correctly set, the predictive model in form
of a multilinear function will be generated in the output sheet.
9. Apply this equation to all clr‐transformed XRF intensities, or other geochemical data, to obtain a mean
grain‐size proﬁle at the same resolution. In case of one single cluster in the PCA biplot (e.g., Figure 4a),
accurate prediction can be achieved using a single predictive model (Figure 4d). In case of multiple clus-
ters (e.g., Figure 5a), each cluster needs to be predicted separately then combined to obtain the mean
grain size of the entire sample set (Figure 5h).
10. Validate the prediction accuracy. Comparing the predicted and actual values of validation samples
allows evaluating the prediction accuracy (Figures 4d and 5h).
Figure 6. Workﬂow of mean sediment grain‐size prediction from inorganic geochemical measurements. The minimum
number of training samples is 2n + 1, n representing the number of principal components with >5% of total variance
as deﬁned by principal component analysis (PCA) analysis. All geochemical data should be transformed to centered log
ratio, and grain size should be expressed in phi values prior to statistical analysis (PCA or PLS) and prediction. See text
(section 3.3) for details.
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3.4. Potential and Restrictions of the Method
The main assumption of the prediction method is that sediment geochemistry is closely related to the grain
size of the lithogenic particles. This implies that restrictions could be caused by processes that affect sedi-
ment geochemistry but are independent of grain size. As an example, we tested the method on a sediment
core containing variable amounts ice‐rafted debris (IRD), that is, sediments transported by ice rafting
(Almirantazgo fjord, Chile, 54°S; Figures S3 and S4; Bertrand et al., 2017). Ice rafting deposition results in
the presence of large particles in the sediment and skews the entire grain‐size distributions toward the coarse
fraction (Hass, 2002; Jonkers et al., 2015), without necessarily signiﬁcantly changing sediment geochemistry.
In this case, the prediction accuracy decreases with increasing amounts of IRD (Figure S4). Therefore, pre-
dictions are reasonably accurate only if certain conditions are fulﬁlled: (1) The geochemical composition of
the sediment sources (provenance) does not signiﬁcantly change, (2) chemical weathering intensity and
diagenesis remain relatively constant through time, (3) the processes that inﬂuence grain size independently
of geochemistry (e.g., presence of IRD or tephras) are limited, and (4) authigenic minerals are absent or
occur in very low concentrations. The presence of biogenic particles does not necessarily constitute a limita-
tion since Ca and Si may be removed from the model if calcareous and/or siliceous organisms are present,
respectively (see ﬁrst step of the workﬂow).
Once those restrictions are lifted, the method has the potential of being applied to cores from most types of
sedimentary environments, as well as to other materials such as suspended sediments. This would constitute
a major step forward in river sediment research since the number of analyses undertaken on suspended river
sediment samples is generally very limited due to low particle concentrations, that is, the volume of water
that needs to be ﬁltered. Likewise, provided diagenetic alteration is limited, the presented method may be
used to estimate the original grain size of lithiﬁed sediments, for which measuring geochemistry is relatively
easy but measuring grain size is much more laborious. Furthermore, the relations between soil inorganic
geochemistry and grain size (Rawlins et al., 2009; Summa et al., 2015) also suggest that soil grain size could
be predicted using this method, although soil geochemical composition can be easily inﬂuenced by aeolian
dust, that is, provenance, or leaching of elements (Heberlein & Samson, 2010; Lucas et al., 1993; Muhs et al.,
2008). Finally, it is worth mentioning that geochemistry may not be the only option for predicting sediment
grain size. Magnetic susceptibility, bulk sediment density, spectrophotometric data, and so forth may also be
valuable explanatory variables instead of, or in addition to, inorganic geochemistry for a grain‐size predictive
model since they have been proven to be closely associated with grain size (Garzanti et al., 2010, 2011; von
Eynatten et al., 2012).
4. Conclusion
We successfully developed a numerical method to predict sediment mean grain size from inorganic geo-
chemical measurements based on statistical analysis. In this study, we have performed grain‐size predictions
on river sediment samples and fjord sediment cores from northern Chilean Patagonia through PLS regres-
sion. In the absence of major variations in weathering, provenance, diagenesis, and authigenesis, the
method permits the prediction of sediment grain size with an accuracy that is acceptable for most sedimen-
tological applications. Although grain‐size predictions in this study using Fe, K, Mn, Ti, and Zr have reason-
ably high accuracies, this combination of elements is not a universal standard. For instance, Al should be
included as well if measured with sufﬁcient precision, which is not always the case with XRF core scanners.
One should aim to include as many inorganic elements as possible, unless they are highly inﬂuenced by pro-
cesses that are independent of grain size. Elements such as Ca, Si, and P can be added, depending on the
main biological species, whereas in freshwater environments, Na can be used as well. As a result, we antici-
pate that this method will lead to higher resolution grain‐size‐based paleoclimate and paleoenvironmental
reconstructions and that it will open the door to new ways of predicting sediment grain size from high‐
resolution measurements acquired using loggers or scanners.
References
Aitchison, J. (1986). The statistical analysis of compositional data. London: Chapman Hall, Ltd. https://doi.org/10.1007/978‐94‐009‐4109‐0
Aitchison, J. (1990). Relative variation diagrams for describing patterns of compositional variability.Mathematical Geology, 22(4), 487–511.
https://doi.org/10.1007/BF00890330
10.1029/2018GC008154Geochemistry, Geophysics, Geosystems
LIU ET AL. 12
Acknowledgments
The geochemical data obtained on the
river sediment samples presented in
this article are available on Earthchem
(https://doi.org/10.1594/IEDA/
111194). Likewise, the geochemical and
grain‐size data for sediment cores
JPC14 and PC29A are accessible at
https://doi.org/10.1594/IEDA/111280
and https://doi.org/10.1594/IEDA/
111279, respectively. For sediment core
JPC67, the data are published on
PANGAEA (https://doi.pangaea.de/
10.1594/PANGAEA.881854). This
research was funded by the UGent BOF
HYDROPROX project (01N02216) to S.
B. The river sediment samples were
collected with funding from the
National Geographic Society for
Research and Exploration (Grant 8379‐
07) and FWO Research Grant
1.5.104.11N (both to S. B.). The ﬁrst
author is sponsored by the China
Scholarship Council (CSC PhD fellow-
ship). K. Hughen and L. Giosan
(WHOI, MA, USA) are acknowledged
for providing access to the ICP‐AES and
XRF core scanner, respectively. J.‐B.
Stuut and I. Meyer are thanked for
making the Coulter grain‐size analyzer
at MARUM, Germany, available for our
research. T. van Dijck sieved some of
the river sediment samples used in this
study. B. Amann, L. Piret, Z. Ghazoui,
and E. Boes are thanked for their valu-
able comments. Three anonymous
reviewers are acknowledged for pro-
viding constructive remarks on an ear-
lier version of this manuscript.
Bertrand, S., Hughen, K., & Giosan, L. (2015). Limited inﬂuence of sediment grain size on elemental XRF core scanner measurements. In I.
W. Croudace & R. G. Rothwell (Eds.), Micro‐XRF studies of sediment cores: Applications of a non‐destructive tool for the environmental
sciences (pp. 473–490). Dordrecht: Springer Netherlands. https://doi.org/10.1007/978‐94‐017‐9849‐5_19
Bertrand, S., Hughen, K., Sepúlveda, J., & Pantoja, S. (2014). Late Holocene covariability of the southern westerlies and sea surface
temperature in northern Chilean Patagonia. Quaternary Science Reviews, 105, 195–208. https://doi.org/10.1016/j.
quascirev.2014.09.021
Bertrand, S., Hughen, K. A., Lamy, F., Stuut, J. B. W., Torrejón, F., & Lange, C. B. (2012). Precipitation as the main driver of
Neoglacial ﬂuctuations of Gualas glacier, Northern Patagonian Iceﬁeld. Climate of the Past, 8(2), 519–534. https://doi.org/10.5194/
cp‐8‐519‐2012
Bertrand, S., Hughen, K. A., Sepúlveda, J., & Pantoja, S. (2012). Geochemistry of surface sediments from the fjords of Northern Chilean
Patagonia (44‐47°S): Spatial variability and implications for paleoclimate reconstructions. Geochimica et Cosmochimica Acta, 76,
125–146. https://doi.org/10.1016/j.gca.2011.10.028
Bertrand, S., Lange, C. B., Pantoja, S., Hughen, K., Van Tornhout, E., & Wellner, J. S. (2017). Postglacial ﬂuctuations of Cordillera Darwin
glaciers (southernmost Patagonia) reconstructed from Almirantazgo fjord sediments. Quaternary Science Reviews, 177, 265–275. https://
doi.org/10.1016/j.quascirev.2017.10.029
Bianchi, G. G., Hall, I. R., Mccave, I. N., & Joseph, L. (1999). Measurement of the sortable silt current speed proxy using the Sedigraph 5100
and Coulter Multisizer IIe: precision and accuracy. Sedimentology, 46(6), 1001–1014. https://doi.org/https://doi.org/10.1046/j.1365‐
3091.1999.00256.x
Bloemsma, M. R., Zabel, M., Stuut, J. B. W., Tjallingii, R., Collins, J. A., & Weltje, G. J. (2012). Modelling the joint variability of grain size
and chemical composition in sediments. Sedimentary Geology, 280, 135–148. https://doi.org/10.1016/j.sedgeo.2012.04.009
Blott, S. J., & Pye, K. (2001). GRADISTAT: A grain size distribution and statistics pakage for the analysis of unconsolidated sediments. Earth
Surface Processes and Landforms, 26(11), 1237–1248. https://doi.org/10.1002/esp.261
Boyd, B. L., Anderson, J. B., Wellner, J. S., & Fernández, R. A. (2008). The sedimentary record of glacial retreat, Marinelli Fjord, Patagonia:
Regional correlations and climate ties. Marine Geology, 255(3–4), 165–178. https://doi.org/10.1016/j.margeo.2008.09.001
Buccianti, A., & Grunsky, E. (2014). Compositional data analysis in geochemistry: Are we sure to see what really occurs during natural
processes? Journal of Geochemical Exploration, 141, 1–5. https://doi.org/10.1016/j.gexplo.2014.03.022
Calvert, S. E., & Pedersen, T. F. (2007). Elemental proxies for Palaeoclimatic and Palaeoceanographic variability in marine sediments:
Interpretation and application. In A. De Vernal & C. Hillaire‐Marcel (Eds.), Proxies in Late Cenozoic Paleoceanography, Developments in
Marine Geology (Vol. 1, pp. 567–644). https://doi.org/10.1016/S1572‐5480(07)01019‐6
Croudace, I. W., Rindby, A., & Rothwell, R. G. (2006). ITRAX: Description and evaluation of a new multi‐function X‐ray core scanner (Vol.
267, pp. 51–63). London, Special Publications: Geological Society.
Croudace, I. W., & Rothwell, R. G. (2015). Micro‐XRF studies of sediment cores: Applications of a non‐destructive tool for the environ-
mental sciences. In Developments in Paleoenvironmental Research (Chap. 2, pp. 25–85). Dordrecht: Springer. https://doi.org/10.1007/
978‐94‐017‐9849‐5
Cuven, S., Francus, P., & Lamoureux, S. F. (2010). Estimation of grain size variability with micro X‐ray ﬂuorescence in laminated
lacustrine sediments, Cape Bounty, Canadian High Arctic. Journal of Paleolimnology, 44(3), 803–817. https://doi.org/10.1007/s10933‐
010‐9453‐1
Dong, L., Liu, Y., Shi, X., Polyak, L., Huang, Y., Fang, X., et al. (2017). Sedimentary record from the Canada Basin, Arctic Ocean:
Implications for late to middle Pleistocene glacial history. Climate of the Past, 13(5), 511–531. https://doi.org/10.5194/cp‐13‐511‐2017
Flood, R. P., Bloemsma, M. R., Weltje, G. J., Barr, I. D., O'Rourke, S. M., Turner, J. N., & Orford, J. D. (2016). Compositional data analysis of
Holocene sediments from the West Bengal Sundarbans, India: Geochemical proxies for grain‐size variability in a delta environment.
Applied Geochemistry, 75, 222–235. https://doi.org/10.1016/j.apgeochem.2016.06.006
Garzanti, E., Andò, S., France‐Lanord, C., Censi, P., Vignola, P., Galy, V., & Lupker, M. (2011). Mineralogical and chemical variability of
ﬂuvial sediments 2. Suspended‐load silt (Ganga‐Brahmaputra, Bangladesh). Earth and Planetary Science Letters, 302(1–2), 107–120.
https://doi.org/10.1016/j.epsl.2010.11.043
Garzanti, E., Andò, S., France‐Lanord, C., Vezzoli, G., Censi, P., Galy, V., & Najman, Y. (2010). Mineralogical and chemical variability of
ﬂuvial sediments. 1. Bedload sand (Ganga‐Brahmaputra, Bangladesh). Earth and Planetary Science Letters, 299(3–4), 368–381. https://
doi.org/10.1016/j.epsl.2010.09.017
Geladi, P., & Kowalski, B. R. (1986). Partial least‐squares regression: A tutorial. Analytica Chimica Acta, 185, 1–17. https://doi.org/10.1016/
0003‐2670(86)80028‐9
Hahn, A., Kliem, P., Oehlerich, M., Ohlendorf, C., Zolitschka, B., & the PASADO Science Team (2014). Elemental composition of the
Laguna Potrok Aike sediment sequence reveals paleoclimatic changes over the past 51 ka in southern Patagonia, Argentina. Journal of
Paleolimnology, 52(4), 349–366. https://doi.org/10.1007/s10933‐014‐9798‐y
Hass, H. C. (2002). A method to reduce the inﬂuence of ice‐rafted debris on a grain size record from northern Fram Strait, Arctic Ocean.
Polar Research, 21(2), 299–306. https://doi.org/10.3402/polar.v21i2.6491
Heberlein, D. R., & Samson, H. (2010). An assessment of soil geochemical methods for detecting copper‐gold porphyry mineralization
through Quaternary glacioﬂuvial sediments at the Kwanika Central Zone. Geoscience BC Report (Vol. 3).
Hervé, F., Aguirre, L., Sepúlveda, V., & Morata, D. (1999). Contrasting geochemistry and metamorphism of pillow basalts in metamorphic
complexes from Aysen, S. Chile. Journal of South American Earth Sciences, 12(4), 379–388. https://doi.org/10.1016/S0895‐
9811(99)00029‐2
Huang, S., Sholkovitz, E. R., & Conte, M. H. (2007). Application of high‐temperature fusion for analysis of major and trace elements in
marine sediment trap samples. Limnology and Oceanography Methods, 5(1), 13–22. https://doi.org/10.4319/lom.2007.5.13
Jansen, J. H. F., van der Gaast, S. J., Koster, B., & Vaars, A. J. (1998). CORTEX, a shipboard XRF‐scanner for element analyses in split
sediment cores. Marine Geology, 151(1‐4), 143–153. https://doi.org/https://doi.org/10.1016/S0025‐3227(98)00074‐7
Jonkers, L., Barker, S., Hall, I. R., & Prins, M. A. (2015). Correcting for the inﬂuence of ice‐rafted detritus on grain size‐based paleocurrent
speed estimates. Paleoceanography, 30, 1347–1357. https://doi.org/10.1002/2015PA002830
Kennard, R. W., & Stone, L. A. (1969). Computer aided design of experiments. Technometrics, 11(1), 137–148. https://doi.org/10.1080/
00401706.1969.10490666
Kido, Y., Koshikawa, T., & Tada, R. (2006). Rapid and quantitative major element analysis method for wet ﬁne‐grained sediments using an
XRF microscanner. Marine Geology, 229(3‐4), 209–225. https://doi.org/https://doi.org/10.1016/j.margeo.2006.03.002
Ledbetter, M. T., & Johnson, D. A. (1976). Increased transport of Antarctic bottom water in the Vema Channel during the last ice age.
Science, 194(4267), 837–839. https://doi.org/10.1126/science.194.4267.837
10.1029/2018GC008154Geochemistry, Geophysics, Geosystems
LIU ET AL. 13
Lucas, Y., Luizao, F. J., Chauvel, A., Rouiller, J., & Nahon, D. (1993). The relation between biological activity of the rain forest and mineral
composition of soils. Science, 260(5107), 521–523. https://doi.org/10.1126/science.260.5107.521
McCave, I. N. (1995). Circulation in the glacial North Atlantic inferred from grain‐size measurements. Nature, 374(6518), 149–152. https://
doi.org/10.1038/374149a0
McCave, I. N., Thornalley, D. J. R., & Hall, I. R. (2017). Relation of sortable silt grain‐size to deep‐sea current speeds: Calibration of the
‘Mud Current Meter’. Deep‐Sea Research Part I: Oceanographic Research Papers, 127(February), 1–12. https://doi.org/10.1016/j.
dsr.2017.07.003
Muhs, D. R., Budahn, J. R., Johnson, D. L., Reheis, M., Beann, J., Skipp, G., et al. (2008). Geochemical evidence for airborne dust additions
to soils in Channel Islands National Park, California. Geological Society of America Bulletin, 120(1–2), 106–126. https://doi.org/10.1130/
B26218.1
Murray, R. W., Miller, D. J., & Kryc, K. A. (2000). Analysis of major and trace elements in rocks, sediments, and interstitial waters by
Inductively Coupled Plasma‐Atomic Emission Spectrometry. In ODP Techical Note (pp. 1–27).
Nesbitt, H. W., Young, G. M., McLennan, S. M., & Keays, R. R. (1996). Effects of chemical weathering and sorting on the petrogenesis of
siliciclastic sediments, with implications for provenance studies. The Journal of Geology, 104(5), 525–542. https://doi.org/10.1086/
629850
Orton, G. J., & Reading, H. G. (1993). Variability of deltaic processes in terms of sediment supply, with particular emphasis on grain size.
Sedimentology, 40(3), 475–512. https://doi.org/10.1111/j.1365‐3091.1993.tb01347.x
Pankhurst, R. J., Weaver, S. D., Hervé, F., & Larrondo, P. (1999). Mesozoic‐Cenozoic evolution of the North Patagonian Batholith in Aysén,
Southern Chile. Journal of the Geological Society, London, 156(4), 673–694. https://doi.org/10.1144/gsjgs.156.4.0673
Paterson, G. A., & Heslop, D. (2015). New methods for unmixing sediment grain size data. Geochemistry, Geophysics, Geosystems, 16,
4494–4506. https://doi.org/https://doi.org/10.1002/2015GC006070
Piret, L., Bertrand, S., Kissel, C., De Pol‐Holz, R., Tamayo Hernando, A., & Van Daele, M. (2018). First evidence of a mid‐Holocene
earthquake‐triggered megaturbidite south of the Chile Triple Junction. Sedimentary Geology, 375, 120–133. https://doi.org/10.1016/j.
sedgeo.2018.01.002
Poppe, L. J., Eliason, A. H., Fredericks, J. J., Rendigs, R. R., Blackwood, D., & Polloni, C. F. (2000). Grain size analysis of marine sediments:
Methodology and data processing. US Geological Survey East Coast sediment analysis: procedures, database, and georeferenced dis-
plays. US Geological Survey Open File Report 00‐358. https://doi.org/http://pubs.usgs.gov/of/2000/of00‐358
Prins, M. A., Vriend, M., Nugteren, G., Vandenberghe, J., Lu, H., Zheng, H., & Weltje, G. J. (2007). Late Quaternary aeolian dust input
variability on the Chinese Loess Plateau: inferences from unmixing of loess grain‐size records. Quaternary Science Reviews, 26(1‐2),
230–242. https://doi.org/https://doi.org/10.1016/j.quascirev.2006.07.002
Rawlins, B. G., Webster, R., Tye, A. M., Lawley, R., & O'Hara, S. L. (2009). Estimating particle‐size fractions of soil dominated by silicate
minerals from geochemistry. European Journal of Soil Science, 60(1), 116–126. https://doi.org/10.1111/j.1365‐2389.2008.01112.x
Richter, T. O., van der Gaast, S., Koster, B., Vaars, A., Gieles, R., de Stigter, H. C., et al. (2006). The Avaatech XRF core scanner: Technical
description and applications to NE Atlantic sediments. Geological Society London Special Publications, 267(1), 39–50. https://doi.org/
10.1144/GSL.SP.2006.267.01.03
Rothwell, R., & Croudace, I. (2015). Twenty years of XRF core scanning marine sediments: What do geochemical proxies tell us? In I. W.
Croudace & R. G. Rothwell (Eds.), Micro‐XRF Studies of Sediment Cores: Applications of a non‐destructive tool for the environmental
sciences (pp. 25–102). Dordrecht: Springer Netherlands. https://doi.org/10.1007/978‐94‐017‐9849‐5_2
Schlolaut, G., Staff, R. A., Brauer, A., Lamb, H. F., Marshall, M. H., Bronk Ramsey, C., & Nakagawa, T. (2018). An extended and revised
Lake Suigetsu varve chronology from ∼50 to ∼10 ka BP based on detailed sediment micro‐facies analyses. Quaternary Science Reviews,
200, 351–366. https://doi.org/10.1016/j.quascirev.2018.09.021
Schuenemeyer, J. H., & Drew, L. J. (2011). Statistics for earth and environmental scientists. Hoboken, NJ: John Wiley & Sons.
Sernageomin. (2003). Mapa geologico de Chile version digital, scale 1/1.000.000.
Sholkovitz, E. R. (1990). Rare‐earth elements in marine sediments and geochemical standards. Chemical Geology, 88(3–4), 333–347. https://
doi.org/10.1016/0009‐2541(90)90097‐Q
Stern, C. R., Moreno, H., López‐Escobar, L., Clavero, J. E., Lara, L. E., Naranjo, J. A., et al. (2007). Chilean volcanoes. In G.W.Moreno (Ed.),
The Geology of Chile (pp. 147–178). Geological Society of London: Bath. https://doi.org/10.1144/GOCH.5
Stuut, J. B. W., Temmesfeld, F., & De Deckker, P. (2014). A 550 ka record of aeolian activity near north west cape, australia: Inferences from
grain‐size distributions and bulk chemistry of SE indian ocean deep‐sea sediments. Quaternary Science Reviews, 83, 83–94. https://doi.
org/10.1016/j.quascirev.2013.11.003
Summa, V., Margiotta, S., Colaiacovo, R., & Giannossi, M. L. (2015). The inﬂuence of the grain‐size, mineralogical and geochemical
composition on the Verdesca landslide. Natural Hazards and Earth System Sciences, 15(1), 135–146. https://doi.org/10.5194/nhess‐15‐
135‐2015
Tipping, E., Somerville, C. J., & Luster, J. (2016). The C:N:P:S stoichiometry of soil organic matter. Biogeochemistry, 130(1–2), 117–131.
https://doi.org/10.1007/s10533‐016‐0247‐z
Tisserand, A., Malaizé, B., Jullien, E., Zaragosi, S., Charlier, K., & Grousset, F. (2009). African monsoon enhancement during the penulti-
mate glacial period (MIS 6.5 ~ 170 ka) and its atmospheric impact. Paleoceanography, 24, PA2220. https://doi.org/10.1029/2008PA001630
Van Dijck, T. (2014). Mineralogy and geochemistry of north Patagonian river sediments: Inﬂuence of provenance and weathering pro-
cesses. (MSc thesis). Retrieved from Universiteitsbibliotheek (https://lib.ugent.be/en). Ghent University.
Vandekerkhove, E., Bertrand, S., Reid, B., Bartels, A., & Charlier, B. (2016). Sources of dissolved silica to the fjords of northern Patagonia
(44–48°S): The importance of volcanic ash soil distribution and weathering. Earth Surface Processes and Landforms, 41(4), 499–512.
https://doi.org/10.1002/esp.3840
von Eynatten, H., Tolosana‐Delgado, R., & Karius, V. (2012). Sediment generation in modern glacial settings: Grain‐size and source‐rock
control on sediment composition. Sedimentary Geology, 280, 80–92. https://doi.org/10.1016/j.sedgeo.2012.03.008
Wang, H., Li, H., Si, J., Zhang, L., & Sun, Z. (2019). Geochemical features of the pseudotachylytes in the Longmen Shan thrust belt, eastern
Tibet. Quaternary International, 514, 173–185. https://doi.org/10.1016/j.quaint.2018.12.030
Weltje, G. J. (2002). Quantitative analysis of detrital modes: Statistically rigorous conﬁdence regions in ternary diagrams and their use in
sedimentary petrology. Earth‐Science Reviews, 57(3‐4), 211–253. https://doi.org/https://doi.org/10.1016/S0012‐8252(01)00076‐9
Weltje, G. J. (2012). Quantitative models of sediment generation and provenance: State of the art and future developments. Sedimentary
Geology, 280, 4–20. https://doi.org/10.1016/j.sedgeo.2012.03.010
Weltje, G. J., Bloemsma, M., Tjallingii, R., Heslop, D., Röhl, U., Croudace, I., & Croudace, I. (2015). Prediction of geochemical composition
from XRF Core Scanner data: A new multivariate approach including automatic selection of calibration samples and quantiﬁcation of
10.1029/2018GC008154Geochemistry, Geophysics, Geosystems
LIU ET AL. 14
uncertainties. In I. W. Croudace & R. G. Rothwell (Eds.),Micro‐XRF Studies of Sediment Cores: Applications of a non‐destructive tool for
the environmental sciences (pp. 507–534). Dordrecht: Springer Netherlands. https://doi.org/http://10.1007/978‐94‐017‐9849‐5_21
Weltje, G. J., & Prins, M. (2003). Muddled or mixed? Inferring paleoclimate from size distributions of deep‐sea clastics. Sedimentary
Geology, 162(1‐2), 39–62. https://doi.org/http://10.1016/S0037‐0738(03)00235‐5
Weltje, G. J., & Tjallingii, R. (2008). Calibration of XRF core scanners for quantitative geochemical logging of sediment cores: Theory and
application. Earth and Planetary Science Letters, 274(3–4), 423–438. https://doi.org/10.1016/j.epsl.2008.07.054
Wenthworth, C. K. (1922). A scale of grade and class term for sifting sediments. The Journal of Geology, 30(5), 377–392. https://doi.org/
10.2307/30063207
Wold, S., Sjöström, M., & Eriksson, L. (2001). PLS‐regression: A basic tool of chemometrics. Chemometrics and Intelligent Laboratory
Systems, 58(2), 109–130. https://doi.org/10.1016/S0169‐7439(01)00155‐1
10.1029/2018GC008154Geochemistry, Geophysics, Geosystems
LIU ET AL. 15
